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Abstract. The monitoring of forest phenology in a cost-effective manner, at a fine spatial scale 5 
and over relatively large areas remains a significant challenge. To address this issue, unmanned 6 
aerial vehicles (UAVs) appear to be a potential new platform for forest phenology monitoring. 7 
This article assesses the potential of UAV data to track the temporal dynamics of spring 8 
phenology, from the individual tree to woodland scale, and cross-compare UAV results against 9 
ground and satellite observations, in order to better understand characteristics of UAV data and 10 
assess potential for use in validation of satellite-derived phenology. A time series of UAV data 11 
(5 cm spatial resolution, ~7 day temporal resolution) were acquired in tandem with an intensive 12 
ground campaign during the spring season of 2015 across a 15 ha mixed woodland. Phenophase 13 
transition dates were estimated at an individual tree-level using UAV time series of Normalized 14 
Difference Vegetation Index (NDVI) and Green Chromatic Coordinate (GCC) and validated 15 
against visual observations of tree phenology. UAV-derived start of season dates could be 16 
predicted with an accuracy of less than 1 week. The analysis was scaled to a plot level, where 17 
ground (visual assessment and understorey development), UAV and Landsat metrics were 18 
compared, indicating UAV data is effective for tracking canopy phenology, as opposed to 19 
ecosystem dynamics detected by satellites. The UAV data were used to automatically map 20 
phenological events for individual trees across the whole woodland, demonstrating that 21 
contrasting canopy phenological events can occur within the extent of a single Landsat pixel. 22 
This, and a large temporal gap in the Landsat series, accounted for the poor relationships found 23 
between UAV- and Landsat-derived phenometrics (R2<0.50) in this study. An opportunity is 24 
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now available to track very fine scale land surface changes over contiguous vegetation 25 
communities, providing information which could improve characterization of vegetation 26 
phenology at multiple scales.  27 
Keywords: drone, consumer-grade camera, land surface phenology, forest phenology, 28 
individual tree level. 29 
 30 
1. Introduction 31 
Plant phenological events influence carbon, energy and water cycles within terrestrial 32 
ecosystems (Garrity et al. 2011; Mizunuma et al. 2013), operating from local to global scales, 33 
as around 55% of the Earth`s land surface is covered by grasslands, shrub lands and forests 34 
(Bartholomé and Belward 2005). As plant phenology events are highly sensitive to climate 35 
fluctuations, the timing of these events has been used as an independent indicator of climate 36 
change (Menzel et al. 2006; Thackeray et al. 2010), mainly in temperate environments (Fisher 37 
and Mustard 2007). A changing climate can drive shifts in plant phenology, with potential 38 
impacts on ecosystem services, ecosystem dynamics, plant-based economies, trophic 39 
interactions and species ranges (Campoy et al. 2011; Morisette et al. 2009; Sparks 2014; White 40 
et al. 2009). Assessing and monitoring phenological dynamics at various ecological scales are 41 
therefore key requirements to improve understanding of how plants respond to a changing 42 
world and how this influences forest ecosystems (Moore et al. 2016; Morisette et al. 2009). 43 
Remote sensing techniques have been used to monitor vegetation phenology to 44 
complement traditional ground based manual measurements (Polgar and Primack 2013). 45 
Currently, vegetation phenology monitoring by remote sensing is effectively performed at two 46 
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contrasting scales: by ground and near-surface remote sensing or by coarse spatial resolution 47 
satellite sensors. The great advantage of satellite sensors is the capability to detect continuous 48 
patterns of vegetation changes across the land surface (Eastman et al. 2013; Rodriguez-Galiano 49 
et al. 2015). However, the estimation of the timing of the phenology events at a tree species 50 
level has many uncertainties, mainly due to the absence of validation data and the relatively 51 
coarse spatial resolution of many satellite remote sensing instruments, which often integrate 52 
the spectral response of many species (Eastman et al. 2013; Hmimina et al. 2013),  each with 53 
a particular phenology (Melaas et al. 2013; Polgar and Primack 2011), therefore limiting the 54 
phenological representativeness at  species-level (Delbart et al. 2005). Some of these scale-55 
based limitations could be addressed by using medium spatial resolution satellites, but image 56 
availability can be significantly reduced due to cloud contamination, reducing the already lower 57 
dataset temporal resolution (compared to coarse spatial resolution) and increasing prediction 58 
uncertainties (Melaas et al. 2013; White et al. 2014). Combining imagery from multiple sensors 59 
such as Landsat and Sentinel-2 (Wang et al. 2017) could improve the quality of observations 60 
at this scale. However, even with an appropriate temporal resolution dataset, mixed vegetation 61 
composition is still an issue at a 30 m spatial resolution (Fisher et al. 2006; Liu et al. 2017).  62 
On the other hand, ground (e.g. upward-pointing digital camera (Ryu et al. 2012)) and 63 
near-surface (e.g. tower-mounted camera (Brown et al. 2017)) sensors have the ability to 64 
observe individual plants at a daily or sub-daily frequency, detecting very subtle variations in 65 
vegetation phenology, which in turn makes it possible to accurately estimate phenological 66 
metrics (Ryu et al. 2012; Zhao et al. 2012), but over a limited area. Nevertheless, ecosystem 67 
representativeness can potentially be increased by phenological networks of ground and near-68 
surface sensors (Nasahara and Nagai 2015) and the derived data set can allow more objective 69 
and direct comparisons with spaceborne measures (Baumann et al. 2017) than is possible with 70 
traditional ground based manual measurements. Despite these advantages, such networks still 71 
 4 
 
present issues related to viewing angle, domination of the field of view by trees closest to the 72 
sensor and areal representativeness, which can confound the comparisons (Hmimina et al. 73 
2013; Hufkens et al. 2012). While satellite sensors have synoptic views (Liu et al. 2017), near-74 
surface sensors are often oriented with a view angle that is close to be horizontal (Liu et al. 75 
2017), which may result in near-surface sensors receiving a smaller contribution from the 76 
background cover, such as snow and understorey vegetation, (Hufkens et al. 2012; Liu et al. 77 
2017; Mizunuma et al. 2013) and higher contribution from the leaf layers under the canopy top 78 
(Keenan et al. 2014). Secondly, because ground/near-surface data are usually not 79 
georeferenced, an assumption must be made that such data are representative of the satellite 80 
pixel(s) area (Zhang et al. 2017). 81 
An intermediate level of observation, between ground/near-surface and spaceborne 82 
data, can be achieved by airborne sensors (Higgins et al. 2011). However, an evident constraint 83 
is the use of manned aircraft, which implies high operational/logistical costs (Anderson and 84 
Gaston 2013; Hill et al. 2010), which make it difficult to perform frequent flights needed in 85 
phenology studies. The monitoring of vegetation phenology in a cost-effective manner, at a 86 
fine spatial scale and over relatively large areas therefore remains a significant challenge 87 
(Hufkens et al. 2012; Morris et al. 2013). To address this issue, unmanned aerial vehicles 88 
(UAVs) appear as a potential new option for vegetation phenology monitoring (Berra et al. 89 
2016; Burkart et al. 2017; Dandois and Ellis 2013; Klosterman et al. 2018; Klosterman and 90 
Richardson 2017). UAVs offer scientists new opportunities for scale-appropriate measurement 91 
of ecological phenomena, delivering fine spatial resolution data at user-controlled revisit 92 
periods with relatively low cost (Anderson and Gaston 2013). Therefore, convenient temporal 93 
resolutions can be planned with UAVs in order to provide appropriate time-series to monitor 94 
phenological changes across diverse spatial scales (Berra et al. 2016; Dandois and Ellis 2013; 95 
Klosterman et al. 2018).  96 
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Advances in use of UAVs have been possible due not only to technological 97 
developments in UAVs (including positioning systems and sensors), but also to significant 98 
advances in data processing techniques, especially in (digital) photogrammetry and computer 99 
vision (Colomina and Molina 2014). Traditional photogrammetry (Tsingas 1992) proved not 100 
to be ideal for processing blocks of UAV images due to the irregularity of such images, which, 101 
in contrast, is no obstacle for approaches based on Structure-from-Motion (SfM) (Snavely et 102 
al. 2008). While the SfM approach has a number of advantages, it equally has a number of data 103 
collection (e.g. high overlap requirements) and data processing (e.g. artifacts) challenges; 104 
specifically, areas with dense vegetation are difficult targets for accurate feature matching and 105 
consequently topographic reconstruction (James et al. 2017; Woodget et al. 2017). 106 
Nevertheless, with the continuous interest in UAV-sourced images and SfM, the method is 107 
expected to continue to develop (James et al. 2017). 108 
A few recent studies have shown that UAV time series data can detect the seasonal 109 
profile of deciduous forests in a manner similar to satellite sensors (Berra et al. 2017; Dandois 110 
and Ellis 2013), suggesting (without validating) that UAV time series can be useful to validate 111 
satellite-based phenological products. A couple of studies have explored the potential of UAV 112 
data to track individual tree-level phenology. We have previously conducted an exploratory 113 
study where a time series of a UAV colour index successfully tracked canopy seasonal changes 114 
of four individual oak trees (springtime), apparently matching visual observations of leaf 115 
development (Berra et al. 2016). Klosterman and Richardson (2017) monitored a complete 116 
seasonal cycle of 30 individual deciduous trees with UAV colour indices, where UAV derived 117 
phenometrics were successfully validated against ground observations of leaf development. 118 
More recently, Klosterman et al. (2018) used time series of UAV colour indices to track the 119 
seasonality of a mixed forest at a community level (10 x 10 m grid), whilst investigating how 120 
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this fine-scale perspective relates to land surface phenology (LSP) from coarser spatial 121 
resolution satellite sensors. 122 
Despite these first insights, a number of challenges remain to be addressed in order to 123 
advance forest phenology monitoring with UAV data. Firstly, individual tree level analysis 124 
might be hampered by errors in the spatial alignment of tree crowns across acquisition dates 125 
(Klosterman et al. 2018), making a multi-scale investigation from the individual to landscape 126 
level difficult. Secondly, effectively decoupling understory and canopy phenology is 127 
challenging due to the high spectral variability within forested areas, especially from very high 128 
spatial resolution UAV data (Lin et al. 2018). Thirdly, the radiometric calibration of UAV 129 
imagery can be difficult, especially from consumer-grade cameras and from multi-temporal 130 
data sets experiencing severe changes in illumination conditions within and across acquisition 131 
dates (Berra et al. 2017). Fourthly, there is a need to move analysis beyond solely visible 132 
wavelengths. The last two points are particularly important to improve the ability to compare 133 
the UAV results with LSP derived from well calibrated and multi-band satellite data.    134 
The aim of this research is to assess the potential of UAV data to track the temporal 135 
dynamics of spring phenology, from the individual tree to woodland scale, and to cross-136 
compare UAV results against ground and satellite observations, in order to better understand 137 
characteristics of UAV data and assess potential for use in validation of satellite-derived 138 
phenology. The challenge of accurately monitoring the phenological behaviour of individual 139 
organisms over contiguous vegetation communities (Hufkens et al. 2012; Morris et al. 2013; 140 
Tang et al. 2016) is addressed, which can provide novel insights into species phenology and a 141 
better understanding of relationships between ecosystem processes (as observed with satellite 142 
sensors) and species-specific phenological events (as observed on the ground and by near-143 
surface sensors). Specifically, we expand previous efforts of using UAV data for forest 144 
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phenology by: 1) validating UAV phenology against a larger number of ground observations 145 
(120 trees, 40 of which are evergreen), 2) testing the potential of NIR-based spectral VIs to 146 
detect phenology, in complement to colour indices, 3) testing methodological options to 147 
diminish the influence of understorey and/or shadows in the response of canopy phenology 148 
(detecting canopy rather than ecosystem phenology), 4) examining the spatial and temporal 149 
characteristics of tree species-specific phenology across an entire woodland (>4000 trees), and 150 
5) assessing and better understanding the fine-scale spatial variability in phenology events 151 
occurring at a sub-pixel level for widely-used satellite data sets. 152 
 153 
2.  Methodology 154 
2.1 Study area and forest inventory 155 
The study area consists of around15 ha of mixed deciduous and conifer woodland 156 
surrounded by agricultural fields at Cockle Park Farm, located in the northeast of England 157 
(55.219867° N, 1.698661° W), around 37 km from Newcastle upon Tyne. The terrain within 158 
the woods has relatively flat topography with an altitude of approximately 75 m above sea 159 
level. A temperate climate is observed with a mean annual temperature of 8.3 °C (Newcastle 160 
University 2015). The site was chosen because: i) it offers diversity in terms of tree species 161 
composition ii) it has easy access; iii) it is large enough to be imaged by several Landsat pixels 162 
and, most importantly; iv) it allowed repeated UAV flights to be undertaken with minimal risk, 163 
as safety is paramount in UAV operations. Ground and UAV data were collected only during 164 
the spring season of 2015, as collecting data for a longer period of time was not feasible within 165 
the timeframe of this study (due to personnel availability). 166 
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Six plots were installed in order to sample individuals from the main tree species within 167 
this woodland (as shown in Figure 5a): European larch (Larix decidua), Sycamore (Acer 168 
pseudoplatanus L.), Sessile oak (Quercus petrea), Sitka spruce (Picea sitchensis), Norway 169 
spruce (Picea abies) and English oak (Quercus robur). A sample size of 20 trees per plot was 170 
adopted (Liang and Schwartz 2009), totalling 120 individuals. The ground within the Sitka and 171 
Norway spruce plots was mostly covered by litterfall, whilst a mix of herbs and grasses were 172 
predominant in the other plots. An overview of the plots along with the tree species occurring 173 
at each plot can be seen in the supplementary material (Figure S1).  174 
Geographical coordinates of the selected trees were surveyed with total station and 175 
Global Navigation Satellite System (GNSS) stations in order to aid in the ground vs remote 176 
sensing data comparisons. Diameter at breast height (DBH) was measured with a tape measure 177 
at a height of 1.3 m. Tree height was measured using a vertex hypsometer (Vertex IV) and 178 
transponder (Transponder T3) (Haglof Sweden AB, Langsele, Sweden). Except for the Norway 179 
spruce plot, a large variability in DBH (from ±4.6 to ±12.0 cm) and height (from ±0.8 to 180 
±4.5 m) occurred (Figure S1), and this is due to uneven-aged trees growing within the same 181 
plot.  182 
2.2 Visual assessments of tree canopy phenology 183 
The leaf phenological stages of each tree within a plot were visually assessed in 184 
accordance with established protocols (Liu et al. 2015; Schwartz et al. 2013), with a twice per 185 
week observation frequency during the critical phases of bud burst and leaf expansion and a 186 
weekly frequency during the other phases (Schwartz et al. 2013; White et al. 2014) (observation 187 
dates shown in Figure 1). The visual assessment of leaf phenology started on 3rd March, 2015, 188 
in the leaf-off phase of deciduous trees, and extended until after the last sampled tree reached 189 
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full leaf/needle expansion (25th June 2015). Dates of three key phenological observation levels 190 
(390, 490, 590) were selected to mark the start (SOS), middle (MOS) and end (EOS) of spring 191 
season (Schwartz et al. 2013) (remote sensing-derived SOS, MOS and EOS are defined in 192 
Figure 2). SOS is associated with >90% of bud open (leaf/candle visible), MOS with >90% of 193 
leaf/candle out (not fully unfolded) and EOS with >90% of full leaf unfolded (or needles 194 
unfolded from candle). Linear interpolation was used to infer dates of key missing codes. To 195 
scale from individual tree phenodates to the plot level (plot level analysis), a plot average was 196 
calculated based on a tree observation weighted by its plot percent basal area (White et al. 197 
2014).  198 
 199 
 200 
Figure 1. Frequency of data collection/data availability over the study area. The total number 201 
of observations are given by ‘n’. Vertical lines represent the date when the first tree was 202 
observed to reach SOS and the date when the last tree reached EOS. The ground data collection 203 
was intensified from ~DOY 90 to ~DOY 130 in order to better monitor SOS. 204 
 205 
2.3 Ground photography of understorey 206 
The understorey development within the plots was independently monitored by using a 207 
Nikon D300 digital camera (usually on the same dates as the visual assessments, Figure 1). 208 
With a Nikon AF NIKKOR 28 mm lens attached to the D300, photography was taken from a 209 
fixed position (and viewing angle) slightly outside the plot`s boundary in order to include as 210 
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much of the plot`s understorey vegetation as possible within the lens` field of view (example 211 
images in Figure S1). Images were then acquired with ISO-400, f/2.8, focus to infinity, auto 212 
exposure time and saved in RAW format. 213 
The RAW images were converted into 8 bit TIFF file format and regions of interest 214 
(ROI) were defined within each image that maximized the area of understorey for each plot. 215 
Average red-green-blue (RGB) digital number (DN) values were extracted from within the 216 
images’ ROI across all dates and used to calculate time series of Green Chromatic Coordinate 217 
(GCC) (Eq. 1) (Sonnentag et al. 2012). Similarly, GCC time series were extracted for a 218 
calibration board placed vertically within the camera`s field of view (Figure S1) in order to 219 
monitor the sensitivity of GCC values to changes in illumination conditions. The temporal 220 
stability of GCC for this board suggests the ability to use it for seasonal understorey dynamics 221 
(Figure S2). 222 
 𝐺𝐶𝐶 =  
𝐺
𝐺 + 𝑅 + 𝐵
 (1) 
2.4 UAV data collection and processing 223 
The collection, processing, calibration and validation of the series of UAV data used in 224 
this paper is described in detail in Berra et al. (2017). Briefly, the study area was flown by one 225 
of two fixed-wing UAVs (Quest300 and QPOD - QuestUAV Ltd., Amble, UK) equipped with 226 
one unaltered (VIS) and one near infrared (NIR)-modified commercial off-the-shelf (COTS) 227 
digital camera. Radiometrically calibrated orthomosaics (5 cm spatial resolution; geolocation 228 
accuracy of ±11 cm) were generated for 18 dates (Figure 1), from which DNs were corrected 229 
to surface reflectance, based on calibration boards in the imagery (empirical line method (Smith 230 
and Milton 1999)), and to Normalized Difference Vegetation Index (NDVI) (Eq. 2). 231 
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Orthomosaics were created individually per date and per camera using the software Agisoft 232 
PhotoScan v.2 (Agisoft LLC, St. Petersburg, Russia). We found that, at a Landsat 30 m grid 233 
scale, consistent NDVI time series, derived from single calibration equations (i.e. derived from 234 
a single reference date rather than from every acquisition date) (R²=0.95 compared to field 235 
spectrometer; and R²=0.88 compared to Landsat 8 data), can be acquired in very variable 236 
illumination conditions (Berra et al. 2017), and this dataset is used in this study. Time series of 237 
UAV GCC (Eq. 1) were also used, as we showed that this index can appropriately track the 238 
phenology of this woodland (Berra et al. 2016). Using NDVI provides a unique opportunity to 239 
investigate whether NIR information from COTS sensors can allow a better understanding of 240 
vegetation seasonality, as suggested by Brown et al. (2017). 241 
𝑁𝐷𝑉𝐼 =
𝜌𝑁𝐼𝑅− 𝜌𝑟𝑒𝑑
𝜌𝑁𝐼𝑅+ 𝜌𝑟𝑒𝑑
                                                      (2) 242 
where 𝜌𝑟𝑒𝑑 and  𝜌𝑁𝐼𝑅 are reflected light in the red (red channel of UAV VIS camera) 243 
and NIR (blue channel of UAV NIR camera) bands, respectively. The UAV NIR camera cannot 244 
be used alone to calculate NDVI as the addition of an external long-pass filter excludes 245 
wavelengths below 660 nm (the red-edge region); the resulting channels are also highly 246 
overlapped (Berra et al. 2017).  247 
To calculate phenology time series from the UAV data, ROIs were defined on the 248 
orthomosaics at a tree, plot and Landsat grid scale. While a comprehensive validation of the 249 
UAV NDVI time series at a Landsat 30 m scale was performed in our previous study (Berra et 250 
al. 2017), the potential of the UAV NDVI time series at smaller spatial scales (tree crown) is 251 
investigated in this work. Firstly, in order to assess the potential and accuracy of UAV data for 252 
tracking individual-tree level phenology, it is necessary to identify the tree crown boundaries 253 
within the validation plots. For this, the location of each sampled tree was overlain on the UAV 254 
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orthomosaics and each tree crown boundary was manually drawn based on leaf-on 255 
orthomosaics.  256 
UAV-derived phenometrics (refer to section 2.6 regarding fitting of models) were 257 
firstly calculated using time series of vegetation indices (VI) based on the mean DN of all 258 
pixels from within a tree crown (as in Klosterman and Richardson (2017)), but this approach 259 
proved to be particularly problematic over plots with strong influence of understorey vegetation 260 
signal (Figure 2a). The absence of a winter baseline caused the sigmoid model to have a high 261 
failure rate in estimating spring phenometrics. For this reason, this study used the mean DN of 262 
all pixels with a DN value above the 80th percentile (within each tree crown), based on a 263 
sensitivity analysis (Figure S3), to calculate GCC (as in Eq. 1) and NDVI (the mean DNs were 264 
corrected to surface reflectance - using the single calibration equations - and NDVI was 265 
retrieved as in Eq. 2). The 20% brightest pixels from the VIS green band were firstly detected 266 
and their location used as a spatial mask to select DN values from the other VIS and NIR bands.  267 
It is likely that higher percentiles of DN values prioritize sunlit pixels, diminishing the 268 
influence of understorey/shading and resulting in a stronger seasonal signal (Figure 2b). This 269 
is due to the high spatial resolution of the UAV orthomosaics (5 cm), which allows tree 270 
elements (e.g. branches), background cover and shadows to be discernible (Figure S4). During 271 
leaf-off conditions, we observed (via visual inspection) that the 20% brightest pixels (within a 272 
tree crown) were usually associated to tree trunk and branches on the orthomosaics (as 273 
exemplified in Figure S4), therefore diminishing the influence of the expected early 274 
understorey development in the VI time series (Figure 2). 275 
Daily weather variation may influence the brightest pixel selection, especially on sunny 276 
days, as only one side of the canopy would receive direct sunlight, likely resulting in brighter 277 
pixels in this side (but dependent on the sun-canopy-sensor geometry). Nevertheless, the 278 
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dominance of diffuse light in most UAV image acquisitions (16/18) will likely minimise these 279 
impacts.  280 
 281 
Figure 2. Effect of the 80th percentile method on the smoothed UAV GCCDN time series data 282 
(black dots) and consequent phenometric estimations in the Sycamore plot. The data are fitted 283 
by the greendown model (solid line), with phenometrics (SOS, MOS and EOS) marked by the 284 
vertical dashed lines. The model failed to estimate phenometrics in a). The averaged SOS from 285 
visual assessments is also shown for comparison purposes.   286 
 287 
Following validation of UAV phenology (see section 2.6), the analysis was expanded 288 
over the whole woodland by automating the tree crown detection and delineation (making it 289 
easier to implement on an operational basis). Besides providing the opportunity to examine 290 
canopy phenology of individual trees over a relatively larger area, this information will also 291 
allow quantification of the spatiotemporal variability in leaf phenology within Landsat pixels. 292 
The automatic delineation was achieved by using a watershed-based approach, modified from 293 
Panagiotidis et al. (2016), who also used very high resolution UAV imagery to delineate tree 294 
crowns.  295 
2.4.1 Automatic tree crown delineation 296 
Deriving 3D forest structure from UAV imagery has been possible due to advances in 297 
SfM techniques (Snavely et al. 2008), which have allowed Digital Terrain Models (DTMs) and 298 
Digital Surface Models (DSMs) to be generated out of a 3D photogrammetric point clouds (St-299 
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Onge et al. 2015). In a forest environment, the underlying ground topography (DTM) can be 300 
reconstructed based on points classified as ground (Panagiotidis et al. 2016). A Canopy Height 301 
Model (CHM) can therefore be obtained by subtracting these two elevation models and forest 302 
attributes (e.g. tree crown area) can be retrieved at an individual tree level (Hernandez et al. 303 
2016). The watershed algorithm is frequently used to perform crown delineation from a CHM 304 
(Edson and Wing 2011; Ke and Quackenbush 2011; Mei and Durrieu 2004; Panagiotidis et al. 305 
2016; Zaki et al. 2015).  306 
A flowchart outlines the steps of the automatic delineation method used in this study 307 
(Figure S5, with a detailed description in the caption). Briefly, watersheds are extracted from 308 
the inverted CHM (via segmentation), so the watershed limits follow gaps between crowns, 309 
and, after cleaning (e.g. remove peaks with low height and low brightness) and selection (e.g. 310 
select the highest peak within a defined radius), the remaining watersheds represent tree 311 
crowns. The quality of watershed-derived tree crowns was evaluated by calculating the 312 
producer`s and user`s accuracy (Ke and Quackenbush 2011), using as reference data the 313 
manually delineated tree crowns from each plot (as described above). Therefore, individual-314 
tree level phenodates across the entire study area were estimated using the automatically 315 
detected tree crowns as ROIs. 316 
 317 
2.5 Landsat data 318 
A time series of Landsat 8 Operational Land Imager (L8-OLI) and Landsat 7 Enhanced 319 
Thematic Mapper Plus (L7-ETM+) atmospherically corrected surface reflectance images were 320 
obtained (processed according to (USGS 2016a, b)) over the study area from January to 321 
September 2015 (1 month before and 1 month after the UAV flights). 9 out of 68 images were 322 
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selected (Figure 1), following exclusion of cloud/cloud shadow contaminated images (with aid 323 
of quality flags) and ETM+ images with significant data gaps (Scan Line Corrector-off) over 324 
the study area. Besides NDVI (Eq. 2), GCC was calculated similarly to Eq. 1 but using Landsat 325 
spectral reflectance rather than DNs. 326 
The Landsat series, unevenly distributed in time and with a temporal gap of 48 days 327 
(DOY 113-161), is acknowledged to be not ideal to consistently estimate the spring 328 
phenometric dates of this woodland, but it is representative of the time series achievable with 329 
medium resolution satellite sensors in cloudy regions such as the UK (Armitage et al. 2013). 330 
Nevertheless, this satellite series can still track the overall dynamic of this woodland and will 331 
provide the context and/or data to: i) achieve objective 5 of this research (i.e. assessing spatial 332 
variability in phenology at a Landsat sub-pixel level); ii) investigate the effects of two different 333 
plant functional types (deciduous and evergreen) in the phenology detection; iii) allow a direct 334 
comparison between UAV and Landsat VIs time series (rather than phenodates), therefore 335 
showing the quality of time series data from UAV COTS cameras; iv) aggregate the UAV data 336 
up to the Landsat scale, allowing for the differences between leaf canopy phenology and LSP 337 
to be investigated. However, only Landsat SOS will be compared with UAV phenometrics, as 338 
the data gap impedes any meaningful estimate of Landsat MOS and EOS (as seen in Figure 4).  339 
 340 
2.6 Analysis methods 341 
A second-order Savitzky-Golay filter (window size = 5) was applied to the original time 342 
series data (ground photography, UAV and Landsat) in order to diminish the influence of noise 343 
in the series (Lhermitte et al. 2011; Miao et al. 2013; Ryan et al. 2012). Key spring phenological 344 
markers were extracted from the smoothed time series of remote sensing products by means of 345 
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curve fitting. We tested three sigmoid-based models, similarly to Klosterman et al. (2014), 346 
namely: the simple (Zhang et al. 2003), greendown (Elmore et al. 2012) and generalized 347 
(Klosterman et al. 2014) model. The phenological transition dates were identified by using 348 
local extremes in the rate of change in the curvature of the fitted models (Klosterman et al. 349 
2014; Zhang et al. 2003). Transitions dates correspond to the times at which the rate of change 350 
in curvature exhibits local minima or maxima (as exemplified in Figure 2b). These extremes in 351 
the rate of change were associated with start (SOS), middle (MOS) and end (EOS) of spring 352 
season, similarly to Klosterman et al. (2014). 353 
Residuals from curve fitting (Filippa et al. 2016) were used to calculate measures of the 354 
statistical uncertainty in SOS, MOS and EOS dates, for each of the remote sensing products 355 
separately, providing the best phenology extraction method for each plot (a detailed description 356 
is in the caption of Table S1). However, because the vegetation types outside the plots were 357 
unknown, the best general method across all plots was identified in order to allow phenology 358 
monitoring at a woodland scale. The uncertainty of the models can be seen in the supplementary 359 
material (Table S1 to Table S4), with selected models indicated in the captions of figures and 360 
tables throughout this paper.  361 
To evaluate the agreement between UAV-derived phenometric dates versus those 362 
obtained from each of the independent data sets (visual assessments, ground photography and 363 
Landsat), several common measures of statistical agreement were used, including the root-364 
mean-square-error (RMSE), coefficient of determination (R2) and bias for each case. Because 365 
the dependent and independent observations both include significant measurement uncertainty 366 
and because the bivariate relationship is symmetric (i.e., the interpretation of the data does not 367 
change when the variables assigned to x- and y-axis are reversed), Reduced Major Axis (RMA) 368 
regression (Smith 2009) was used to estimate the slope and intercept (95% confidence interval) 369 
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on linear regressions between each independent data set and the UAV-derived phenophases 370 
dates. Among the three phenometrics, the discussion will focus on SOS, as this transition date 371 
is usually of greatest interest in phenology studies.  372 
The analysis was firstly carried out at an individual tree level (6 plots, 120 individuals) 373 
where UAV derived estimates were compared against visual assessments, providing measures 374 
of how well the UAV data can predict leaf phenology event dates. The analysis scaled to a plot 375 
level, where ground (visual assessment and understorey development), UAV and Landsat 376 
metrics were compared, contributing towards a better understanding of the phenology detected 377 
by the UAV sensors. For the UAV data, phenometrics were derived considering the plot 378 
boundaries (as seen in Figure 5a) as ROIs (the 80% percentile within each ROI was applied, 379 
therefore minimizing understorey effects). These ROIs were thereafter used to weight the 380 
Landsat NDVI and GCC values, as the plots were intersected by more than one Landsat pixel, 381 
and the weighted time series used to estimate phenometrics. 382 
UAV-derived individual-tree level phenodates were estimated across the entire study 383 
area using the automatically detected tree crowns (section 2.4) as ROIs. Boxplot statistics of 384 
these phenodates were generated by grouping the main tree species into four land covers 385 
(broadleaf deciduous, Sitka spruce, Norway spruce and Larch; Figure S6). Besides allowing a 386 
detailed phenology map to be produced, UAV estimates were compared against Landsat land 387 
surface phenology (LSP) in order to understand leaf phenology variability within Landsat 388 
pixels. Two approaches were used to scale from UAV to the Landsat pixel level: 1) a mean 389 
UAV phenodate was calculated based on individual-tree phenodates weighted by the percent 390 
crown area within each Landsat pixel area, an approach which is similar to the percent basal 391 
area (White et al. 2014); and 2) mean UAV DNs were extracted from within each Landsat grid 392 
cell, the values of which were converted to VIs in order to estimate UAV phenodates in a 393 
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manner more similar to Landsat data, i.e., considering a continuous landscape (30 x 30 m) 394 
instead of isolated tree crowns. The latter approach also allowed the dynamics of different 395 
UAV- and Landsat-based VIs time series to be compared, rather than phenodates, providing a 396 
means to quantify the strength of the relationship between the two datasets. For each available 397 
Landsat date (pixel-wise), the closest UAV acquisition date was selected to compose a pair of 398 
observations, resulting in between 7 and 9 pairs of observations over the woodland.  399 
3. Results 400 
3.1 Comparison of visual assessments to estimates from UAV time-series data 401 
Substantial phenological variation was detected between individuals of the same 402 
species within some plots. Larch presented the smallest variation in the observed key 403 
phenodates (7 - 22 days), whilst Sycamore showed the largest variation (29 - 43 days) (Table 404 
1). In general, even when a plot can be considered as having reached a defined phenophase 405 
(given by the plot mean), around one quarter of individuals in a plot still lagged considerably. 406 
The plot averages show Larch as being the first species to start the growing season on DOY 407 
101 (April 11, 2015) and, 40 days later, Norway spruce as the last one (May 21, 2015) (Table 408 
1). Likewise, Larch was the first species to reach EOS on DOY 118 (April 28, 2015), and, 46 409 
days later Norway spruce reached this same level (June 13, 2015). A comparison between 410 
observed phenology dates and DBH and total height did not reveal any consistent relationships 411 
(R2<0.2) that were not potentially attributable to interspecific differences (i.e. six plots grouped 412 
together, n=120). No significant relationship (p<0.5) was observed when the analysis was 413 
constrained to within each plot (n=20) (0≤R2≤0.18); intraspecific differences may still occur 414 
but they are not correlated with DBH or height. 415 
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Table 1. In situ phenology record analysis: First, average (in bold) and last day of year (DOY) 416 
when SOS, MOS and EOS were observed. The ‘Variability’ shows the difference between the 417 
dates that the first and last trees reached each phenophase and the number of trees (in brackets) 418 
which reached these phenophases outside the mean ± one standard deviation).  419 
Plot N 
Phenophases Variability 
SOS MOS EOS SOS MOS EOS 
Larch 20 099, 101, 106 103, 107, 119 106, 118, 128 07 (3) 16 (3) 22 (5) 
Sycamore 20 105, 129, 143 108, 135, 151 122, 143, 151 38 (6) 43 (6) 29 (4) 
Oak 20 106, 116, 124 113, 125, 137 117, 132, 140 18 (4) 24 (6) 23 (8) 
Sitka s. 20 122, 135, 146 140, 149, 159 151, 159, 169 24 (5) 19 (6) 18 (5) 
Norway s. 20 132, 141, 146 151, 158, 169 159, 164, 169 14 (11) 18 (3) 10 (7) 
Mix 20 115, 119, 137 115, 127, 143 119, 133, 143 22 (2) 28 (6) 24 (4) 
Average 120 113, 124, 134 122, 134, 146 129, 142, 150 21 (5) 25 (5) 21 (6) 
 420 
We compared these direct observations of canopy phenology with individual tree-level 421 
transition dates derived from UAV phenology curves. Between the two UAV-derived indices, 422 
GCC-estimated phenodates were consistently most closely associated with the visual 423 
assessment of canopy phenology (0.60≤R2≤0.83), with the best match occurring with SOS 424 
dates (RMSE=8 days) and the weakest relationship with EOS dates (RMSE=13 days) (Figure 425 
3a-c; Table 2). UAV-GCC estimates were biased at 1 (SOS), 5 (MOS) and 10 (EOS) days later 426 
with respect to visual assessment, indicating that as spring progressed, the UAV-GCC 427 
estimates were increasingly later in comparison to the leaf phenology observations. In terms of 428 
SOS, the RMSE value has the same magnitude as the approximate temporal resolution of the 429 
UAV data acquisitions (8 days, Figure 3a; Table 2). Within this RMSE is also included the 430 
uncertainty of the visual observations, which it was not possible to quantify, but it could be 431 
reasonable to assume errors of around 3.5 days (revisit frequency of the visual assessments). 432 
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UAV GCCDN can therefore be assumed to estimate SOS dates at tree individual level with an 433 
accuracy better than 1 week. 434 
 435 
Figure 3. Visually assessed dates compared against dates estimated from the UAV remote 436 
sensing derived products, at an individual-tree level. UAV phenometrics are calculated based 437 
on the least uncertain sigmoid model per plot (Table S1; Sycamore, Sitka s., Norway s. and 438 
Mix = Greendown model; Larch and Oak = Simple model). Dashed lines represent the 1:1 line 439 
and solid lines are RMA regression models. Statistics are given in Table 2. 440 
 441 
Table 2. Statistics from the comparisons in Figure 3. **p<0.001, *p<0.05; N is sample size. 442 
Bias refers to the average difference between UAV and visual observations. 443 
 
 RMSE 
(days) 
R2 
Bias 
(days) 
N 
Figure 3 
a) 8 0.83** 1 106 
b) 9 0.82** 5 106 
c) 13 0.60** 10 106 
d) 22 0.06* -18 72 
e) 29 0.02 -6 72 
f) 41 0.02 4 72 
 444 
Phenodates derived from the UAV NDVI presented large mismatches 445 
(RMSE≤41 days) and poor correlations (R2≤0.06) with the visually assessed dates (Figure 3d-446 
f; Table 2). UAV NDVI was also less successful (in terms of function convergence) in 447 
extracting phenodates (N=72) from the time series of data than GCC (N=106) (Figure 3). This 448 
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result is due to the presence of noise in some of the individual tree time series (UAV data), 449 
which contributes towards a weak seasonal signal and poor data quality (at least at an individual 450 
tree level), being particularly critical across the evergreen plots (e.g. Figure S7). The negative 451 
correlation (R2=0.06, Figure 3d) is caused by the very early UAV SOS detected for some trees 452 
within the Sitka (two trees) and Norway (one tree) spruce plots, reflecting the effect of the poor 453 
UAV NDVI data quality (at a tree crown scale) rather than a biological response (Figure S7); 454 
when these three points were eliminated (Figure 3d), no significant relationship was observed 455 
(R2=0.01, N=69). For this reason, UAV GCC time series were selected to estimate individual 456 
tree-level phenology across the whole woodland (section 3.3). 457 
The comparison between UAV and visual observations across all trees grouped together 458 
(Figure 3a-c) suggest that higher uncertainties occur within the evergreen species. The data 459 
points related to the Norway spruce plot are the most outlying and the highest failure rate in 460 
estimating spring phenometrics occurred within the Sitka spruce plot (N=13). 461 
 462 
3.2 Plot level comparison of ground photography, UAV and Landsat phenology 463 
In areas of deciduous woodland, where the understorey vegetation greened up earlier 464 
than the overstorey (Sycamore, Oak and Mix; Figure 4), Landsat predicted SOS consistently 465 
earlier than visual assessments (bias (NDVI) = - 35 days, bias (GCC) = - 24 days, n = 3). This 466 
suggests that increases in Landsat NDVI and GCC values from the winter baseline are triggered 467 
predominantly by the understorey development. On the other hand, the use of the 20% brightest 468 
pixels from UAV orthomosaics to generate a GCC time series of data reduced the influence of 469 
understorey vegetation (Sycamore, Oak and Mix; Figure 4), resulting in a closer agreement 470 
between UAV and visually observed SOSs (bias = -7 days, n = 3). Nevertheless, Landsat and 471 
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UAV estimates of SOS were more similar (bias (NDVI) = -5 days, bias (GCC) = -14 days, n = 472 
1) over the plot in which the understorey greened up after the dominant trees (Larch; Figure 4), 473 
i.e., where the understorey did not contribute to the signal resulting from the early stages of 474 
bud/leaf development. Later understorey budburst, although not usual, has also been observed 475 
in other temperate forest (Richardson and O’Keefe 2009). The later greening-up of the Larch 476 
plot understorey could be explained by the high amount of canopy gaps in the Larch overstorey 477 
(even after needle expansion, Figure S1), meaning that high-light conditions were available for 478 
a longer period of time on the ground; therefore, not justifying the adoption of a strategy of 479 
phenological escape (Richardson and O’Keefe 2009).  480 
 481 
 482 
 483 
Figure 4. Plot level comparison between Landsat (a-l), UAV (m-r) and understorey ground 484 
photography (s-x). The time series of data (black dots) are fitted by the “best model” per plot 485 
(Table S1 to Table S4), with phenometrics marked by the vertical dashed lines (preceded by 486 
‘Fit_’ in the legend). The averaged SOS from visual assessments and the UAV SOS are also 487 
shown for comparison purposes. Landsat MOS and EOS metrics are shown in this figure, but 488 
are not considered in the comparisons with the UAV phenology (these metrics are likely not 489 
meaningful due to the large Landsat data gap from DOY 113-161). 490 
 491 
As it would be expected, a weak seasonality was detected by the Landsat NDVI and 492 
GCC series over the evergreen covers. Comparatively, a stronger response was detected by the 493 
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UAV GCC, mainly over the healthy Norway spruce plot (Figure 4q). A severe defoliation was 494 
observed in the Sitka spruce plot, likely caused by an outbreak of Elatobium abietinum (green 495 
spruce aphid). The effect of such defoliation was detected by the UAV (more evidently) and 496 
Landsat remote sensing products as the VIs experienced lower values towards summer. 497 
A deviation from the expected trend occurred in the Sycamore and Mix plot due to 498 
bluebell (Hyacinthoides non-scripta) flowering, as detected by the understorey photography 499 
(Figure 4t,x). The abundant presence of blue flowers in these plots increases the blue channel’s 500 
DN values on the ground photos, consequently decreasing GCC values temporarily. Such an 501 
effect was also detected on the UAV GCC time series when the average of the full crown was 502 
tested (Figure 2a), a trend which largely disappeared when the average of the brightest pixels 503 
was used (Figure 2b). Therefore, these results suggest that different understorey species can 504 
have significant influence on the integrated ecosystem signal, especially with very high spatial 505 
resolution optical sensors. 506 
 507 
3.3 Individual tree-level phenology across a small woodland 508 
4354 tree crowns were automatically delineated from the UAV orthomosaics with an 509 
overall accuracy of 63%, as given by the producer`s (PA) and user`s (UA) accuracy. Conifer 510 
species were more accurately delineated with PA ranging from 73% to 80% (UA from 78% to 511 
82%), whilst broadleaf species achieved lower PAs (43% to 57%, with UA from 43% to 63%). 512 
These accuracies are within the range reported in the literature (Li et al. 2016; Lim et al. 2015; 513 
Panagiotidis et al. 2016; Thiel and Schmullius 2016) and once more indicate that complex 514 
forest structures (as in the Oak and Mix plots in this study) are challenging environments for 515 
automatic extraction of tree attributes (Duncanson et al. 2014). Despite these uncertainties, the 516 
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average SOS date estimated from the automatically delineated crowns (126±10 days) was 517 
remarkably similar to the reference date from manually delineated crowns (127±10 days). A 518 
similar tendency was found for MOS (142±9 days for reference and 141±9 days for automatic) 519 
and EOS (155 ±13 days for reference and 155 ±13 days for automatic). This suggests that the 520 
automatic delineation errors should have limited impacts on the investigation of the individual 521 
tree-level phenology across this woodland (community phenology). 522 
Analysis of boxplots (Figure 6) and visual inspection of the date of onset from the 523 
UAV-derived map (Figure 5a) show substantial intra- and inter-specific variability in 524 
individual-tree level leaf phenology across a 15 ha woodland. The uncertainty of the UAV SOS 525 
transitions (<5 days for 86% of the mapped trees, Figure S8) is smaller than the range of dates 526 
in Figure 5a, indicating the effectiveness of UAV data for investigating phenological 527 
differences among tree species populations and communities. Larch trees leafed out 528 
consistently earlier than the others species (Figure 6), as also shown by the blue tones in the 529 
eastern part of the woodland (Figure 5a), and present the least intra-specific variation in SOS 530 
dates. The Larch cover has a significant number of outliers (Figure 6) which is likely due to 531 
the presence of Sitka spruce trees within the defined limit of this land cover, as Sitka spruce 532 
leafed out consistently later than Larch (Table 1); this will reflect the contrasting blue and red 533 
tones of some adjacent trees in the southern area near the Sycamore plot (Figure 5a). 534 
At the other extreme, later onset dates consistently occurred in the Norway spruce 535 
compartment, as quantified in Figure 6 and showed by the yellow-red tones in Figure 5a. 536 
Intermediate dates of SOS occurred for the deciduous broadleaf species (as sampled in the 537 
Sycamore, Oak and Mix plots). Sitka spruce started the growing season, in general, after the 538 
broadleaf deciduous trees but before Norway spruce. These spatio-temporal patterns of onset 539 
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dates show a correlation with tree species communities, matching the chronological order of 540 
visually assessed leaf phenology events within the six plots (Table 1).  541 
Across the Sitka spruce area, a considerable number of trees have either no (Figure 5a) 542 
or highly uncertain (Figure S8a) SOS estimates. This could be due to a weak seasonal signal, 543 
reflecting the defoliation caused by the aphid outbreak (as observed in the plot level analysis, 544 
Figure 4p), which may have attacked some trees more severely, impeding needle unfolding and 545 
consequently limiting greening up and significant increases of UAV GCCDN values. Overall, 546 
missing phenometric retrievals can be explained by the failure of the fitting function to 547 
converge because of poor data quality (e.g. noise and data gaps) or weak seasonal signal 548 
(D’Odorico et al. 2015). 549 
 26 
 
 550 
Figure 5. a) Location of the study area and individual tree-level predictions of SOS using UAV 551 
GCCDN (80
th percentile; fitted by the greendown model), and b) pixel-level predictions of SOS 552 
using Landsat NDVI (fitted by the simple model). Background orthomosaic derived from UAV 553 
images (visible camera) acquired on 21/04/2015 (DOY 111). 554 
 555 
 556 
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 557 
Figure 6. Boxplots of SOS dates of individual trees (n = 4354), as mapped in Figure 5a. For 558 
each boxplot, the central mark represents the median, the edges of the box are the 25th and 75th 559 
percentiles, the whiskers extend to the most extreme data points not considered outliers (<2 560 
times the standard deviation). Broadleaf encompasses the Sycamore, Oak and Mix plots.  561 
 562 
3.4 Comparing UAV and Landsat phenology at different scales 563 
A SOS map was also generated based on Landsat NDVI time series (Figure 5b) (an 564 
uncertainty map can be seen in Figure S8b). Despite species-related patterns being less clearly 565 
depicted (in comparison to the UAV individual tree-level map), some broader inferences can 566 
be drawn. Visual assessments (Table 1) and the UAV SOS map (Figure 5a) showed Larch as 567 
the first tree species to start the spring season, a dynamic which was not observed on the 568 
Landsat SOS map (Figure 5b). Instead, areas in and around the Sycamore and Mix plots had 569 
the earliest SOS dates, which could be due to the early understorey development, as noted in 570 
the plot-level analysis (Figure 4). Either no (Figure 5b) or highly uncertain (Figure S8b) SOS 571 
estimates were, generally, observed over the Sitka spruce area, which is due to the combined 572 
effects of weak seasonal signal and the aphid outbreak. Landsat pixels intersecting Oak and 573 
Larch plots seem to reproduce more closely the phenology patterns observed at the UAV 574 
canopy level.  575 
Linking such integrated landscape processes (Figure 5b) with fine scale information 576 
(Figure 5a) can therefore be challenging. Large temporal variations in averaged individual tree-577 
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level canopy phenology occurred within Landsat pixel areas across the woodland 578 
(RMSE=32 days, R2=0.11; Figure 7b), even after mixed and evergreen land covers were 579 
masked out (RMSE=19 days, R2=0.01; Figure 7a). Comparisons with Landsat GCC produced 580 
similar results, which can be seen in Figure S9. This suggests that the average phenology of 581 
the dominant canopies (as mapped by UAV data) may lag considerably from the Landsat LSP, 582 
as also detected in the plot-level analysis (Figure 4); or, that such differences could be due to 583 
the low quality Landsat time series. 584 
 585 
 586 
Figure 7. Comparison between UAV SOS and Landsat SOS. Landsat LSP (simple model) 587 
compared with: a-b) UAV-derived (greendown model) averaged tree-level phenology (within 588 
each Landsat pixel area); and c-f) with UAV LSP (greendown model) considering the entire 589 
Landsat pixel area. Pure deciduous covers are shown separately (top row). Dashed lines 590 
represent the 1:1 line and solid lines are RMA regression models (**p<0.001; *p<0.05). 591 
Statistics are given in Table 3. 592 
 593 
 594 
 595 
 596 
 597 
 598 
 599 
 600 
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Table 3. Statistics from the comparisons in Figure 7. **p<0.001, *p<0.05; N is sample size 601 
Bias is calculated relative to UAV, so a negative bias indicates that the corresponding Landsat 602 
estimate is earlier. 603 
  RMSE 
(days) 
R2 Bias 
(days) 
N 
Figure 7 
a) 19 0.01 -28 47 
b) 32 0.11* -19 76 
c) 12 0.28** -11 44 
d) 21 0.32** -6 67 
e) 17 0.12* -5 41 
f) 25 0.22** -5 59 
 604 
 605 
UAV orthomosaic DNs were aggregated up to the Landsat scale, i.e., the ROI was the 606 
entire Landsat pixel area rather than just tree crowns. Firstly, a direct comparison between 607 
UAV and Landsat VIs time series (rather than phenodates) was undertaken. This comparison 608 
showed varying degrees of correspondence depending on the pair of VIs considered 609 
(0.45≤R2≤0.91, Figure 8), where UAV NDVI had the best overall agreement with Landsat 610 
NDVI, especially over deciduous-only areas (R2=0.91; Figure 8h). Despite these 611 
moderate/strong relationships in spectral information (Figure 8), distinct differences in the 612 
dates of phenological events predicted by the different UAV and Landsat VIs are clearly 613 
evident (Figure 7c-f), with UAV data explaining less than 50% of the variability in Landsat-614 
based estimates of SOS dates in any of the comparison cases (comparisons with Landsat GCC 615 
produced similar results, Figure S9). Following exclusion of evergreen covers, the average 616 
RMSE improved from 23 (Figure 7d,f) to 14 (Figure 7c,e) days; Landsat GCC agrees best with 617 
UAV GCC (RMSE=10 days, R2=0.5; Figure S9c). Therefore, spatial averaging of UAV data 618 
and exclusion of evergreen areas improves the agreement with Landsat phenology, but 619 
significant discrepancies remain.  620 
 621 
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 622 
Figure 8. Comparison between UAV- and Landsat-based VI time series, at a Landsat pixel 623 
scale, considering the entire woodland (a-d) and only the deciduous cover (e-h). UAV VIs are 624 
based on the mean of the whole polygon (Landsat grid). Dashed lines represent the 1:1 line and 625 
solid lines are RMA regression models. Statistics are given in Table 4.  626 
 627 
Table 4. Statistics from the comparisons in Figure 8. **p<0.001. N is sample size.  628 
  R2 Bias N 
Figure 8 
a) 0.80** -0.07 878 
b) 0.45** -0.33 878 
c) 0.66** 0.28 878 
d) 0.74** 0.02 878 
e) 0.87** -0.06 401 
f) 0.79** -0.29 401 
g) 0.90** 0.27 401 
h) 0.91** 0.04 401 
 629 
 630 
4. Discussion 631 
4.1 Individual tree level phenology across a woodland 632 
Studies using remote sensing to monitor forest phenology have used, until now, 633 
medium to coarse resolution imagery from sensors such as Landsat, MODIS, AVHRR and 634 
SPOT-Vegetation, which allow regional to global patterns to be observed but cannot resolve 635 
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species-scale seasonal dynamics (Fisher and Mustard 2007; Melaas et al. 2016; Miao et al. 636 
2013; White et al. 2009). In this study, an effective approach for mapping phenology of 637 
overstorey vegetation at a detailed biological scale and across local spatial extents was 638 
proposed by using time series of UAV remotely sensed data, offering an intermediate level of 639 
observation between ground/near-surface and orbital scales. 640 
Visual assessments of species-specific individual tree phenology revealed a spatially 641 
heterogeneous ecosystem, where intra- and interspecific differences were up to ~40 days. This 642 
unequal budburst and leaf/needle development agrees with observations across other temperate 643 
forests (Schwartz et al. 2013; White et al. 2014) and can be due to several factors acting 644 
together, such as hereditary influences (Morin et al. 2010) and site-specific factors (Fisher et 645 
al. 2006; Ibáñez et al. 2010). Such large variations in timing of leafing-out, despite the trees 646 
growing in close proximity (10-30 m), may have implications for studies using ground and 647 
near-surface sensors, viewing a small number of trees, to validate satellite-based phenometrics 648 
or to characterize the phenology of a population. There are also implications for coarse spatial 649 
resolution satellite data, as there is an intrinsic averaging and missing of potential to distinguish 650 
these differences in phenology within the pixel area.  651 
The within-plot variability in canopy phenology, as assessed by ground observations, 652 
was consistently detected by the UAV dataset, providing a new methodological approach to 653 
track phenological dynamics within plant communities. An individual tree level detection of 654 
spring phenological transition dates was possible due to the user-defined temporal (~7 days) 655 
and spatial (5 cm) resolution with which the UAV data was acquired in this research. Overall, 656 
UAV-derived SOS could be predicted more accurately than MOS and EOS, with an accuracy 657 
of 8 days across the six plots (six tree species). Because the validation was based on visual 658 
assessments, which itself is not free of uncertainties (Klosterman et al. 2014; Schaber 2002), it 659 
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would be reasonable to expect higher accuracies from these UAV estimates. The work of 660 
Klosterman and Richardson (2017) suggest that higher accuracies can be achieved in the 661 
individual tree-level monitoring of UAV SOS (RMSD = 4.7 days, n= 30) and MOS (RMSD = 662 
3.6 days, n=30), which could be due to the higher frequency of UAV data acquisitions in their 663 
study (~5 days).  664 
Ideally, comparing ground phenology observations of trees to LSP-derived 665 
phenometrics entails the observed trees being representative of the tree species within the 666 
pixel(s) area (Delbart et al. 2015; Liang et al. 2011), a requirement seldom met due to 667 
difficulties in sampling large areas or the majority of the species, leading to imprecise 668 
characterization of species-level phenology (Klosterman et al. 2018). Phenological maps of 669 
individual trees, such as the ones generated across the 15 ha woodland in this study (Figure 5), 670 
meet this need and represent a powerful tool to visually represent spatio-temporal patterns in 671 
canopy phenology, in complement to quantitative analysis. Such georeferenced information 672 
potentially brings the opportunity to track the phenological behaviour of all individual trees in 673 
the upper canopy (dependent upon a robust automatic tree crown delineation approach), 674 
therefore it is possible to census the plant phenological behaviour within a local area or satellite 675 
footprint.  This, in turn, can be particularly useful to adequately represent variability of highly 676 
heterogeneous ecosystems (Fisher and Mustard 2007).  677 
An individual-tree SOS map clearly showed the spatial variance in leaf phenology of 678 
this woodland, demonstrating how contrasting canopy phenological events can be within 679 
Landsat pixels. Therefore, heterogeneity in canopy phenology can still be an issue even at the 680 
spatial resolution of Landsat, agreeing with other studies (Fisher et al. 2006; Klosterman et al. 681 
2018; Liu et al. 2017). This demonstrates that caution should be taken when using Landsat to 682 
understand coarser spatial resolution LSP, based on the assumption that the vegetation 683 
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phenology within the 30 m scale would be relatively homogeneous (Fisher and Mustard 2007; 684 
Liu et al. 2017). It also confirms suggestions that high plant species diversity and pronounced 685 
heterogeneity in timing of phenological events have a large influence on the accuracy of LSP-686 
derived SOS (Delbart et al. 2015; Fisher et al. 2006; Hufkens et al. 2012; Melaas et al. 2016; 687 
Polgar and Primack 2011). 688 
UAV data, as presented in this study, could potentially contribute to phenology studies 689 
by providing local-scale measurements meeting two research needs: 1) at the plant- and plot-690 
based scale (Hunter and Lechowicz 1992; Lechowicz 1984; Schaber and Badeck 2003) and 2) 691 
continuously in space, similar to remote sensing satellites (Fisher et al. 2006; White et al. 2014). 692 
This multi-scale information can provide a comprehensive insight into how the ecosystem is 693 
functioning, being useful for many ecological/phenological applications, such as investigation 694 
of spatial scaling effects on LSP (Klosterman et al. 2018; Peng et al. 2017), tree species or plant 695 
communities mapping (Lisein et al. 2015; Michez et al. 2016), validation and refinement of 696 
plant phenological models (Chuine et al. 2013), modelling seasonal carbon sequestration 697 
(Wilkinson et al. 2012), understanding the chronological order of phenological events among 698 
individual trees (Delpierre et al. 2017) and monitoring the length of the growing season (Norby 699 
et al. 2003). Within a climate change context, monitoring techniques which are able to capture 700 
the individual phenology of the plants are needed, as not all species are responding similarly 701 
(Ibáñez et al. 2010; Thompson and Clark 2008; Vitasse et al. 2009). Furthermore, it is vital to 702 
observe a large number of individuals within a forest community in order to adequately capture 703 
the expected large variation in timing of phenological events (Donnelly et al. 2017).  704 
Despite the broad and ever-increasing use of phenocams (Brown et al. 2016), there are 705 
still uncertainties related to the effect of their oblique viewing angles on the temporal trajectory 706 
of canopy greenness (Keenan et al. 2014). Furthermore, inclined phenocams can only monitor 707 
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one side of a tree crown, each of which has a different sensor-target distance; this can impact 708 
on data quality as further targets will have weaker signals and stronger atmospheric influence 709 
(Richardson et al. 2009). A UAV data set, preferably acquired using the same camera as the 710 
phenocam, could provide an insight into whether these issues have significant impacts on the 711 
phenocam-derived phenological signal. One of the ultimate applications of UAV-derived 712 
phenology would be the validation of satellite LSP products at an appropriate spatiotemporal 713 
scale. Because the UAV-derived information is synoptic and georeferenced, comparisons with 714 
satellite can be done very precisely, across areas (local scale) comparable with medium and 715 
moderate spatial resolution satellite pixels (e.g. Landsat, MODIS). Furthermore, the ability to 716 
monitor species-specific phenology with UAVs (although an accurate species identification 717 
still requires field observation) could help in understanding the effects of the underlying spatial 718 
complexity and heterogeneity of the objects which might be present within the resolved satellite 719 
scene (White et al. 2009). For example, the effects of the background cover, which can bias 720 
and even hamper LSP transition date estimates (Delbart et al. 2005; White et al. 2009), could 721 
be better understood with UAV data, as this can allow tracking of canopy phenology, as 722 
opposed to ecosystem dynamics detected by satellites. This would provide new insights into 723 
the ecological and biophysical meaning of the spectral information within the satellite pixels. 724 
The findings of this research support the use of UAV data for this application, as canopy 725 
spring phenology of individual trees (based on the brightest pixels within a tree crown to 726 
diminish uncertainties caused by understorey contribution) were consistently detected across a 727 
15 ha woodland. Additionally, very good relationships between UAV NDVI and Landsat 728 
NDVI were observed (R2>0.7), especially over deciduous areas (R2>0.9) (Figure 8), mirroring 729 
in situ (radiometer) and MODIS NDVI comparisons (R2=0.92) carried out by Hmimina et al. 730 
(2013). Nevertheless, poor relationships were found between UAV- and Landsat-derived SOS 731 
in this study (R2<0.5), indicating that further work is needed to fully assess the potential of 732 
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UAV data sets for satellite phenology validation purposes due to, mainly, the temporal gaps 733 
present in the Landsat data for this site.   734 
4.2 Considerations for use of UAV measurements 735 
Previous studies using near-surface GCC from COTS cameras noted that the 736 
relationship between this index and commonly used satellite VIs (e.g. NDVI) tend to saturate 737 
at medium/high values of satellite VI, as GCC is less sensitive to increases in LAI due to the 738 
lack of a NIR band (Brown et al. 2017; Keenan et al. 2014). It is suggested therefore that the 739 
use of NIR band in the near-surface VIs should partly overcome this challenge over areas with 740 
medium to high biomass (Brown et al. 2017). Although times series of UAV NDVI could be 741 
retrieved with confidence at a 30 m Landsat scale (Figure 8d,h and Berra et al. (2017)), GCC 742 
proved to be advantageous at a tree crown scale, as higher quality time series were retrieved 743 
and GCC-estimated phenodates were consistently more closely associated with the visual 744 
assessments of spring canopy phenology (Figure 3). It is inferred that, at small spatial scales, 745 
GCC is better able to take into account the different illumination conditions experienced on 746 
some acquisition dates than NDVI.  747 
Because GCC uses only data from a single camera (VIS), the three RGB channels 748 
should be affected similarly by the varying illumination conditions (as exemplified in Figure 749 
S10), independent of the spatial scale in which the data are aggregated. On the other hand, the 750 
VIS (unmodified camera) and NIR (modified camera) orthomosaics` DNs might be affected 751 
differently by varying illumination conditions over small areas (but not significantly at a 30 m 752 
Landsat scale (Berra et al. 2017)). This is due to short time lags between the original VIS and 753 
NIR single images automatically chosen to compose the orthomosaics in such areas, hampering 754 
the ability of NDVI to normalize for this effect. This time lag could be due to one of the cameras 755 
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failing to record an image at a programmed time, while the other does, resulting in pixel values 756 
in the final orthomosaic arising from different times within the flight. Viewing angles and 757 
location and amount of artifacts (Samiappan et al. 2017) might also be different for the NIR 758 
and VIS orthomosaics (as exemplified in Figure S11). Additionally, even though the COTS 759 
cameras were flown concurrently, they were located at ~10 cm apart in the UAV frame, 760 
resulting therefore in slightly different view angles. Finally, VIS and NIR orthomosaics can be 761 
co-registered with an accuracy of ±11 cm (~2.1 pixels, Berra et al. (2017)), which may 762 
influence analysis over smaller crowns. Therefore, the combination of all these factors resulted 763 
in a noisier UAV NDVI time series, contributing towards a weak seasonal signal and less 764 
accurate phenological date estimates at an individual tree-level scale. 765 
Nevertheless, a better quality time series of UAV spectral VIs could potentially be 766 
achieved at small spatial scales. It is possible to use a single modified camera recording visible 767 
and NIR wavelengths (Berra et al. 2015; Hunt et al. 2010; Verhoeven 2012). Because the three 768 
bands are already registered, NDVI could potentially be calculated more consistently at small 769 
spatial scales, similarly to GCC from an unmodified camera. It would be valuable, in a future 770 
study, to test a dual-camera system composed of an unmodified COTS camera (for GCC) and 771 
a modified camera, as proposed above, specifically for NDVI. Furthermore, non-COTS 772 
multispectral sensors, such as MicaSense® (Samiappan et al. 2017), are an option and could 773 
be advantageous.  774 
More accurate and precise spring phenological transition dates were detected from 775 
UAV time series having well-characterized winter base lines and summer plateaus, as observed 776 
in the Larch and Oak plots (Figure 4). Plots with only a few data points to characterize either 777 
the winter baseline (e.g. Sycamore) or the summer plateau (e.g. Norway spruce) returned, 778 
generally, less certain estimates (Table S1). Particularly, the UAV data gap between DOY 176-779 
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218 (42 days) might have increased uncertainties in the EOS estimates across the plots with 780 
later greening up (Sycamore, Sitka spruce and Norway spruce; Table 1) as there were fewer 781 
data points to characterize the spring to summer transition (Figure 4n,p,q), i.e., the second 782 
maxima in the curvature change rate (Figure 2). This suggests that in order to characterize 783 
spring events of different species, it would be beneficial to start the data collection from the 784 
start of winter up to the end of the summer (without large temporal gaps), a time span which 785 
could allow detection of the winter baseline and the summer plateau of a wide range of species 786 
(at least in this ecosystem).  787 
Although UAVs can allow a detailed analysis of spatial and temporal patterns across 788 
the landscape, this is only feasible at a local scale. A fixed-wing UAV was used to acquire time 789 
series of imagery to monitor phenology of a 15 ha woodland in this study. Using a fixed-wing 790 
UAV was only possible as the woodland was surrounded by relatively flat crop fields, 791 
providing very good ground conditions for taking-off and landing. Other study areas where 792 
open spaces are not available close by, rotary-wing UAVs might be a better (if not the only) 793 
choice, but smaller areas are then likely to be surveyed. A challenge therefore remains in 794 
measuring larger areas, which could be useful, for example, to investigate the seasonal signal 795 
of low spatial resolution imagery (>250 m) or to have a representative sample of a large forest 796 
ecosystem. Nevertheless, with the continuous technological advances, civil UAVs are expected 797 
to provide longer flying times, which could allow larger areas to be surveyed. However, this 798 
benefit can be limited by aviation regulations within each country, such as requirement to retain 799 
line-of-sight during operations (Torresan et al. 2017). Finally, whilst multiyear UAV 800 
observations are still logistically challenging (mainly due to human resources needed), UAV 801 
deployment flexibility can increase the number of study sites that can be observed, providing 802 
detailed understanding of phenology in understudied biomes or regions. Independent of the 803 
camera and UAV model, a key aspect is acquiring a UAV data set which can allow high quality 804 
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time series of orthomosaics to be generated. This can be achieved by acquiring high quality 805 
UAV images, with a high overlap (>9 images per point was achieved in all dates in this study) 806 
and at varying viewing angles, as these characteristics are beneficial if processing the block of 807 
UAV images with a SfM-based software (e.g. PhotoScan and Pix4D). Additionally, because 808 
time series data at an individual tree level is needed, an accurate georeferencing approach 809 
should be utilised by using either Ground Control Points (GCPs) surveyed with Differential 810 
Global Positioning Systems (DGPS) (as in this study) or geotags from the original images 811 
(direct georeferencing) if a high accuracy GPS is available on-board the UAV. In fact, direct 812 
georereferencing seems to be a critical point towards a more automated data collection and 813 
processing, as such technology can eliminate the need for: i) GCPs on every acquisition date, 814 
and ii) identification and manual allocation of GCPs on the several images, per flight, per 815 
camera and per acquisition date.  816 
4.3 Uncertainties in the UAV vs Landsat comparisons 817 
It is somewhat surprising that the UAV data was able to only explain <50% of the 818 
variation in phenodates estimated by the Landsat sensors, as the phenology of (theoretically) 819 
every tree within a Landsat pixel was detected by the UAV data. Previous studies have 820 
indicated that if the validation dataset is able to account for the spatial heterogeneity in timing 821 
of phenological events and heterogeneity in species composition within a pixel area, then low 822 
uncertainties in the estimated phenodates could be expected (Liang et al. 2011; Liu et al. 2015). 823 
However, a close analysis of the two datasets indicates that several causes may have 824 
contributed to the pronounced differences between UAV and Landsat phenology.  825 
Evergreen areas, or areas with a low fraction of deciduous coverage, can add significant 826 
uncertainty to phenological predictions from orbital sensors (Hmimina et al. 2013; Klosterman 827 
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et al. 2014). In this study area, the inclusion of evergreen areas in the UAV vs Landsat 828 
comparisons of SOS dates increased RMSE values to up to two weeks (Figure 7, Figure S9). 829 
This could be explained by the subtle seasonal signal produced by evergreen covers, which 830 
may not be detected by the Landsat sensors, therefore hampering time series fitting and 831 
predictions. In addition, a severe pest attack caused defoliation over the largest evergreen stand 832 
(Sitka spruce), further decreasing the signal amplitude of this plant functional type and making 833 
it challenging to detect even with UAV sensors.  834 
Spatial misalignment of the different remote sensing data sets and the measurements 835 
derived from them may also be a contributing factor (Xin et al. 2013). While UAV 836 
orthomosaics are georeferenced with a decimetre accuracy (Berra et al. 2017), Landsat 837 
products (Level 1T) are expected to have a planimetric accuracy of ~12 m (Storey et al. 2014). 838 
Therefore, comparing a Landsat pixel with the same area of an UAV orthomosaic, one can 839 
expect misregistration inconsistencies. Additionally, different sensors can have different data 840 
quality (Zhang et al. 2017) and differing spectral bands, which provide sensitivity to different 841 
vegetation dynamics (Brown et al. 2017). 842 
Different temporal resolutions between UAV and Landsat datasets are likely to be a 843 
major source of uncertainty in our comparisons. The frequency of high-quality satellite 844 
observations can have substantial impact on phenological detections during periods of 845 
phenological changes (Baumann et al. 2017; Fisher et al. 2006; Zhang 2015; Zhang et al. 2009; 846 
Zhang et al. 2017), which could bias estimated spring onset by over one week dependent upon 847 
configurations of image availability (Melaas et al. 2013; White et al. 2014). Although 848 
representative of typical Landsat cloud-free scene availability in the UK (Armitage et al. 2013), 849 
in this research, only 7-9 good quality Landsat images remained after a quality check, unevenly 850 
distributed in time and with a temporal gap of 47 days from 24th April to 10th June, 2015, a key 851 
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period of vegetation green-up. On the other hand, a consistent temporal resolution of around 852 
one observation per week was achieved with the UAV. Further studies are necessary to 853 
investigate whether the relationship between UAV- and Landsat-derived phenometrics would 854 
actually improve if the two data sets had the same (or very similar) temporal resolution (which 855 
potentially could now be achieved if combining Landsat 8 and Sentinel-2 imagery (Jönsson et 856 
al. 2018)). 857 
 858 
5.  Conclusions 859 
An effective approach for mapping phenology of overstorey vegetation at a detailed 860 
biological scale and across local spatial extents was proposed in this study by using time series 861 
of UAV remotely sensed data. This information could aid in further understanding of 862 
phenological triggers and biophysical processes of different plant functional types during the 863 
critical time of growing season onset. 864 
We presented here the first phenological map of individual trees of an entire woodland, 865 
showing that UAV data has the potential to capture species-specific phenology, as opposed to 866 
the overall phenological dynamics recorded by orbital sensors. Nevertheless, satellites remain 867 
the only feasible tool for large and global scale monitoring of Earth dynamics (Liu et al. 2017), 868 
so it is important to continuously improve and refine our understating of LSP with aid of 869 
different multi-scale ground truth data.  870 
Although a dual COTS camera system could produce consistent time series of UAV 871 
NDVI at a Landsat 30 m scale, GCC based on uncalibrated DNs proved to be more appropriate 872 
to track the canopy phenology of individual trees in this study. This does not necessarily mean 873 
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that UAV GCC should be preferred over UAV NDVI, but, rather, it reflects the challenge of 874 
using two separate COTS cameras to detect the red and NIR bands used to calculate NDVI of 875 
individual trees. 876 
Calculation of GCC simplifies data acquisition and processing and is a measure 877 
commonly available from phenocams, but may be less suitable for linking directly with 878 
reflectance-based satellite data. Therefore, there is future opportunity to investigate whether 879 
NDVI derived from a single modified COTS camera or multispectral sensor would produce 880 
robust time series measures at small spatial scales. Continued research with similar techniques 881 
would further advance the synergism of multi-scale remote sensing observations of vegetation 882 
phenology. 883 
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8. List of Figure Captions 1220 
Figure 1. Frequency of data collection/data availability over the study area. The total number 1221 
of observations are given by ‘n’. Vertical lines represent the date when the first tree was 1222 
observed to reach SOS and the date when the last tree reached EOS. The ground data collection 1223 
was intensified from ~DOY 90 to ~DOY 130 in order to better monitor SOS. 1224 
 1225 
 1226 
Figure 2. Effect of the 80th percentile method on the smoothed UAV GCCDN time series data 1227 
(black dots) and consequent phenometric estimations in the Sycamore plot. The data are fitted 1228 
by the greendown model (solid line), with phenometrics (SOS, MOS and EOS) marked by the 1229 
vertical dashed lines. The model failed to estimate phenometrics in a). The averaged SOS from 1230 
visual assessments is also shown for comparison purposes.   1231 
 1232 
 1233 
Figure 3. Visually assessed dates compared against dates estimated from the UAV remote 1234 
sensing derived products, at an individual-tree level. UAV phenometrics are calculated based 1235 
on the least uncertain sigmoid model per plot (Table S1; Sycamore, Sitka s., Norway s. and 1236 
Mix = Greendown model; Larch and Oak = Simple model). **p<0.001, *p<0.05; N is sample 1237 
size. Bias refers to the average difference between UAV and visual observations. Dashed lines 1238 
represent the 1:1 line and solid lines are RMA regression models. Statistics are given in Table 1239 
2. 1240 
 1241 
 1242 
Figure 4. Plot level comparison between Landsat (a-l), UAV (m-r) and understorey ground 1243 
photography (s-x). The time series of data (black dots) are fitted by the “best model” per plot 1244 
(Table S1 to Table S4), with phenometrics marked by the vertical dashed lines (preceded by 1245 
‘Fit_’ in the legend). The averaged SOS from visual assessments and the UAV SOS are also 1246 
shown for comparison purposes. Landsat MOS and EOS metrics are shown in this figure, but 1247 
are not considered in the comparisons with the UAV phenology (these metrics are likely not 1248 
meaningful due to the large Landsat data gap from DOY 113-161). 1249 
 1250 
 1251 
Figure 5. a) Location of the study area and individual tree-level predictions of SOS using UAV 1252 
GCCDN (80
th percentile; fitted by the greendown model), and b) pixel-level predictions of SOS 1253 
using Landsat NDVI (fitted by the simple model). Background orthomosaic derived from UAV 1254 
images (visible camera) acquired on 21/04/2015 (DOY 111). 1255 
 1256 
 1257 
Figure 6. Boxplots of SOS dates of individual trees (n = 4354), as mapped in Figure 5a. For 1258 
each boxplot, the central mark represents the median, the edges of the box are the 25th and 75th 1259 
percentiles, the whiskers extend to the most extreme data points not considered outliers (<2 1260 
times the standard deviation). Broadleaf encompasses the Sycamore, Oak and Mix plots.  1261 
 1262 
 1263 
 1264 
 1265 
 50 
 
Figure 7. Comparison between UAV SOS and Landsat SOS. Landsat LSP (simple model) 1266 
compared with: a-b) UAV-derived (greendown model) averaged tree-level phenology (within 1267 
each Landsat pixel area); and c-f) with UAV LSP (greendown model) considering the entire 1268 
Landsat pixel area. Pure deciduous covers are shown separately (top row). Dashed lines 1269 
represent the 1:1 line and solid lines are RMA regression models (**p<0.001; *p<0.05). 1270 
Statistics are given in Table 3. 1271 
 1272 
Figure 8. Comparison between UAV- and Landsat-based VI time series, at a Landsat pixel 1273 
scale, considering the entire woodland (a-d) and only the deciduous cover (e-h). UAV VIs are 1274 
based on the mean of the whole polygon (Landsat grid). Dashed lines represent the 1:1 line and 1275 
solid lines are RMA regression models. Statistics are given in Table 4. 1276 
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